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Incorporating Profit Margins into Recommender Systems:  
A Randomized Field Experiment of Purchasing Behavior and Consumer Trust 
Umberto Panniello, Michele Gorgoglione, Shawndra Hill and Kartik Hosanagar 
 
Abstract 
A number of recent studies have proposed new recommender designs that incorporate firm-centric 
measures (e.g., the profit margins of products) along with consumer-centric measures (e.g., relevance 
of recommended products). These designs seek to maximize the long-term profits from recommender 
deployment without compromising customer trust. However, very little is known about how 
consumers might respond to recommender algorithms that account for product profitability. We tested 
the impact of deploying a profit-based recommender on its precision and usage, as well as customer 
purchasing and trust, with data from an online randomized field experiment. We found that the profit-
based algorithm, despite potential concerns about its negative impact on consumers, is effective in 
retaining consumers’ usage and purchase levels at the same rate as a content-based recommender. We 
also found that the profit-based algorithm generated higher profits for the firm. Further, to measure 
trust, we issued a post-experiment survey to participants in the experiment; we found there were no 
significant differences in trust across treatment. We related the survey results to the accuracy and 
diversity of recommendations and found that accuracy and diversity were both positively and 
significantly related to trust. The study has broader implications for firms using recommenders as a 
marketing tool, in that the approach successfully addresses the relevance-profit tradeoff in a real-
world context. 
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1. Introduction  
Recommender systems attempt to predict items of interest to their users based on information about 
the items and users. They are widely used in online retail by major firms such as Amazon, Wal-Mart, 
and Netflix, and they are known to exert a significant influence on consumer choice (Fleder et al. 
2010). Recommender systems offer benefits to both consumers and firms. They help consumers 
become aware of new products and help them select desirable products from a myriad of choices 
(Pham & Healey, 2005). Recommender systems have the potential to help firms increase profits by 
converting browsers into buyers, allowing cross-selling of products, and increasing loyalty (Schafer et 
al., 1999). 
The vast majority of researchers who have studied recommender systems have evaluated 
designs using consumer-centric measures, such as relevance of recommended items. Although these 
designs consider user satisfaction, researchers only imply that firms deploying these systems benefit 
from increased customer satisfaction and higher purchasing rates from users. However, a stream of 
papers in recent years (e.g., Bodapati, 2008; Hosanagar et al., 2008; Das et al., 2010) have suggested 
that firms can do better by combining firm-centric measures, such as profit margins of products, with 
consumer-centric measures, such as relevance of recommended products. These designs seek to help 
those using recommender systems to maximize long-term profits without compromising customer 
trust. However, it is unreasonable to expect consumer behavior to remain the same if recommenders 
are modified to incorporate firm-centric measures such as profit margins. In particular, if consumers 
perceive that recommendations are even slightly biased, they may not pay as much attention to 
recommendations or may distrust recommendations altogether. In such a scenario, the net impact on 
consumer trust and firm profits may even be negative.  
Although the issue of consumer response to biases in recommenders is a relatively new one, 
related issues have come up in the context of other information filters. For example, even though the 
current business models for search engines rely on providing sponsored results alongside organic 
results, the founders of Google had famously stated that “we expect that advertising funded search 
engines will be inherently biased towards the advertisers and away from the needs of the consumers 
… search engine bias is particularly insidious (and) … we believe the issue of advertising causes 
enough mixed incentives” (Brin and Page 1998). Although search engines, including Google, 
eventually incorporated sponsored results without a drastic impact on consumer trust or usage, it is 
not clear if the experience of search engines will apply to recommenders and, hence, a similar 
question has arisen in the context of recommenders. On the one hand, a number of research papers 
(e.g. Bodapati 2008; Chen et al. 2008) have advocated incorporating firm-specific measures into 
recommender design and, consistent with that, several commercial recommenders do bias 
recommendations in practice.1 However, other academics and practitioners have argued that 
manipulations and biases will hurt recommender credibility and erode consumer trust, leading to a net 
reduction in firm profits (Resnick and Varian 1997; Simonson 2003). There have been no controlled 
experiments evaluating these designs in the field or the lab, so very little is known about how 
consumers might in fact respond to recommender algorithms that account for product profitability. In 
this paper, we help reconcile the opposing views and report the results of a randomized field 
experiment testing the impact of deploying a profitability-based recommender design on website 
usage, purchasing behavior, and trust. 
Our field experiment randomly assigned users of an online comic store to three different types 
of treatments: random recommendations, content-based recommendations (based only on item 
relevance), and a profit-based recommender system. We found, as expected, that a simple content-
based recommender is able to drive a meaningful increase in consumers’ usage and purchase volume 
relative to a control group receiving randomized recommendations. We also found that the profit-
based algorithm, despite concerns about its potential negative impact on consumers, generated higher 
                                                          
1 Recommenders licensed by vendors such as Oracle and Adobe include features that allow deploying firms to 
assign a higher weight to high margin items. 
profits for the firm than the content-based recommender. In a post-experiment survey of users, we did 
not find any significant reduction in their trust in the profit-based recommender. Furthermore, we 
found that our results can be explained in terms of the accuracy and diversity of the recommendations. 
The study makes several key contributions to the literature. First, the paper provides the first 
real-world empirical evidence regarding the impact of profit-based recommender designs. Second, a 
firm’s choice of recommender design and the response of its users are typically endogenous, making 
the issue of identification challenging. Existing work on profit-based designs have evaluated their 
impact assuming user behavior remains the same under these new designs, which ignores the 
endogeneity in design and response. As a result, the true impact of these designs has not been 
identified. We addressed the issue using a randomized field trial with a real-world online comic 
bookstore. Further, to the best of our knowledge, this is the first study on recommender algorithms to 
report both purchase and trust measures from the field. These measures not only allowed us to 
evaluate whether the new designs indeed drove the purchase outcomes but also allowed us to directly 
address concerns regarding consumer distrust of the proposed designs. 
 
2. Literature Review 
Recommenders are widely deployed on the Internet by media firms and retail websites. Recent 
research has shown that recommender systems offer significant value to consumers and firms. 
Recommenders help consumers become aware of new products and help them select relevant products 
from a myriad of choices (Pham & Healey, 2005). Recommenders help firms increase sales by 
converting browsers into buyers and increasing their ability to cross-sell products and retain 
customers (Schafer et al., 2001). Dias et al. (2008) measured the business value of a personalized 
recommender system, showing that its effect extends beyond the direct revenues generated from the 
purchase of recommended items and that it generates substantial additional revenues by introducing 
shoppers to new categories from which they then continue to purchase. Ansari and Mela (2003) 
studied how to customize the design and content of e-mail marketing and found that the consumer 
response rate could be increased by 62% if the e-mail’s design and content are customized. 
Given the potential impact of personalized recommendations for both firms and consumers, 
the issue of recommender design and its impact on consumer choice has been a topic of much interest. 
In the subsections that follow, we describe prior work on recommender design and consumer choice.  
2.1 Design of Recommender Systems 
There are many studies in the literature in several fields, including computer science, information 
systems, and marketing, which have looked at the problem of designing effective recommender 
systems that can infer user preference and recommend relevant items. A survey of various approaches 
was provided by Adomavicius and Tuzhilin (2005), who classified these systems into content-based, 
collaborative filtering, and hybrid approaches. In content-based systems, items that have a high degree 
of similarity to users’ preferred items (inferred through ratings or purchases) are recommended 
(Mooney & Roy, 1999; Pazzani & Billsus, 2007). An advantage of using content-based designs is that 
even a small set of users can be addressed effectively. As highlighted by Balabanovic and Shoham 
(1997) and Shardanand and Maes (1995), a major limitation of content-based methods is that one 
must be able to parse items using a machine, or their attributes must be assigned to items manually. 
Unlike content-based recommendation methods, collaborative filtering systems recommend items 
based on historical information drawn from other users with similar preferences (Breese et al., 1998). 
Collaborative recommender systems do not suffer from some of the limitations of content-based 
systems; in fact, since collaborative systems use other users’ recommendations (ratings), they can deal 
with any kind of content and even recommend items from product categories other than the ones rated 
or purchased by a user. However, collaborative filtering suffers from the “new item problem”, namely 
the difficulty of generating recommendations for items which have never been rated by users. Both 
collaborative filtering and content-based systems suffer from the “new user problem”, namely the 
difficulty of generating meaningful recommendations for users who have never expressed any 
preference (Balabanovic & Shoham, 1997; Lee, 2001). Finally, those who use hybrid approaches are 
trying to avoid the limitations of content-based and collaborative systems by combining collaborative 
and content-based methods in different ways (Claypool et al., 1999; Nicholas & Nicholas, 1999).  
Researchers have also studied how to include other information besides customers’ 
demographic data, past purchases and past product ratings, in order to improve the accuracy of 
recommendations. In particular, Bettman et al. (1998) demonstrated that context induces important 
changes in a customer’s purchasing behavior. Other experimental research suggested that including 
context in a user model in some cases improves the ability to predict behavior (Palmisano et al., 
2008). Adomavicius et al. (2005) described a way to incorporate contextual information into 
recommender systems by using a multidimensional approach in which the traditional two-dimensional 
(2D) user/item paradigm was extended to support additional contextual dimensions, such as time and 
location. Similarly, Ansari et al. (2000) studied how to use expert evaluations in addition to traditional 
users’ evaluations and item characteristics. 
An interesting research stream has studied how recommender designs should be altered to 
increase diversity of recommendations. McGinty and Smyth (2003) investigated the importance of 
diversity as an additional item selection criterion and demonstrated that the gains can be significant, 
but also show that its introduction has to be carefully tuned. Fleder and Hosanagar (2009) 
demonstrated that recommender systems that discount item popularity in the selection of 
recommendable items may increase sales more than recommender systems that do not. Adomavicius 
and Kwon (2010) showed that while ranking recommendations according to the predicted rating 
values provides good predictive accuracy, such a system provides poor performance with respect to 
recommendation diversity. Therefore, they proposed a number of recommendation ranking techniques 
that can provide significant improvements in recommendation diversity with only a small amount of 
loss of accuracy.  
In recent years, a number of studies have attempted to incorporate firm-specific measures into 
the item selection process and have attempted to place the issue of recommender design within a 
profit-maximizing context. This stream of research is particularly important, in our opinion, because 
recommender systems were conceived as a tool to help consumers select relevant information when 
browsing the Web but soon became a tool for improving the effectiveness of companies’ marketing 
actions. Bodapati (2008) studied the relevance-profitability tradeoff in recommender design. The 
author modeled recommendations as marketing actions that can modify customers’ buying behavior 
relative to what they would do without such an intervention. He argued that if a recommender system 
suggests items that are most relevant, it may be of little value if those items might eventually be 
bought by consumers in the absence of recommendations. He showed that the system should 
recommend items with a purchase probability that can be best influenced by the recommendation, 
instead of recommending a product that is most likely to be purchased. Chen et al. (2008) integrated 
the profitability factor into a traditional recommender system and compared four different systems 
(obtained by using a personalized/non-personalized system and by including and not including 
profitability). They showed that including profitability increases the cross-selling effect and revenues 
and that it does not cause recommendation accuracy to drop. Hosanagar et al. (2008) also investigated 
how to recommend products to help firms increase profits rather than recommend what is most likely 
to be purchased. The authors identified the conditions under which a profit-maximizing recommender 
system should suggest an item with the highest margin and those under which it should recommend 
the most relevant item. This paper highlighted two main tradeoffs a company faces in designing a 
profit-enhancing recommendation policy. The first tradeoff is between a product’s purchase 
probability and the firm’s margins from selling that product. The second tradeoff is between 
increasing near-term profit versus maintaining consumer trust to increase future profits. Similarly, 
Das et al. (2010) developed a model that uses the output of a traditional recommender system and 
adjusts it based on item profitability. The authors applied a model of consumer response behavior to 
show that their proposed design can achieve higher profits than traditional recommenders. Other 
studies on profit-based recommenders include works by Akoglu and Faloutsos (2010), Brand (2005), 
and Iwata et al. (2008). 
2.2 Users’ Response to Recommender Systems 
Several researchers have studied how users respond to personalized recommendations, focusing on 
factors that influence perceived usefulness and ease of use, trust, and satisfaction. Pavlou (2003) and 
Gefen et al. (2003) integrated trust, risk, and perceived usefulness and ease of use and empirically 
confirmed the links from trust to perceived usefulness and adoption intention. Wang and Benbasat 
(2005) extended the integrated model to online recommender adoption and demonstrated the link 
between trust and adoption intention. Liang et al. (2007) demonstrated that both the number of items 
recommended to the user and the recommendation accuracy, as measured by the number of 
recommended items accepted by the user, had a significant effect on user satisfaction. Bharati and 
Chaudhury (2004) showed that the recommender’s information quality (i.e., relevance, accuracy, 
completeness, and timeliness) had a significant effect on users’ decision-making satisfaction. 
An interesting research stream includes studies of how the diversity and familiarity of 
recommendations can affect the effectiveness of recommender systems. Most researchers agreed that 
consumers generally prefer more variety when given a choice (Baumol and Ide 1956; Kahn and 
Lehmann, 1991). McGinty and Smyth (2003) empirically demonstrated that there may be significant 
gains from introducing diversity into the recommendation process. Simonson (2003) proposed that the 
purchase type and degree of variety-seeking affect customers’ acceptance of recommended 
“customized” offers; in particular, higher rates of variety-seeking decrease a consumer’s receptivity to 
customized offers. In addition, several researchers (Broniarczyk et al., 1998; Dreze et al., 1994; , 
Hoch et al., 1999, van Herpen & Pieters, 2002) showed that consumers’ perception of variety can be 
influenced not only by the number of distinct products offered but also by other features (such as the 
repetition frequency, organization of the display, and attribute differences). Cooke et al. (2002) 
studied how customers respond to recommendations of unfamiliar products. Their analysis 
demonstrated that unfamiliar recommendations lowered users’ evaluations but additional 
recommendations of familiar products serve as a context within which unfamiliar recommendations 
are evaluated. Further, additional information about a new product can increase the attractiveness of 
an unfamiliar recommendation. Xiao and Benbasat (2007) also showed that familiar recommendations 
increase users’ trust in the recommender system, and recommender systems should present unfamiliar 
recommendations in the context of familiar ones. They go on to show that the balance between 
familiar and unfamiliar (or new) product recommendations influences users’ trust in, perceived 
usefulness of, and satisfaction with recommender systems. Several other researchers (Komiak and 
Benbasat, 2006; Sinha & Swearingen, 2001; Swearingen & Sinha, 2001) showed that familiar 
recommendations play an important role in establishing user trust in a recommender system. Further, 
a user’s trust in a recommender system increases when the recommender provides detailed product 
information.  
Gershoff et al. (2003) showed that higher rates of agreement led to greater confidence in a 
system and a greater likelihood of a user accepting a recommender’s advice; Hess et al. (2005) 
showed that a high similarity between users and the recommendations contributed to an increased 
involvement with the recommendations, which in turn resulted in increased user satisfaction with the 
recommendations. The similarity in attribute weighting between users and a recommender system has 
a significant impact on users’ perceptions of the utility of the recommendations generated by the 
system (Aksoy & Bloom, 2001).  
In addition, Simonson (2003) proposed that customers are more likely to accept 
recommendations to choose a higher-priced, higher-quality option than a lower-priced, lower-quality 
option and that this tendency is negatively correlated with the level of the customer’s trust in the 
marketer. In addition, customer preferences are often constructed rather than revealed, and this 
practice has important implications with respect to the effectiveness of customizing offers to match 
individual tastes. This theory is also confirmed by psychological studies (Payne, 2003) showing that 
customers do not exactly know their preferences when confronted with a set of product alternatives. 
On the contrary, preferences are constructed while learning about the choices offered. 
In summary, the discussion on recommender design and consumer choice reveals that (i) there 
is considerable recent interest in placing recommender design in a marketing context, and (ii) while 
the impact of recommendation diversity, familiarity, similarity and size on purchasing behavior and 
trust are known, we know very little about the impact of recommendation biases on these outcomes. 
Specifically, all the papers on profit-maximizing recommenders develop theoretical models of 
consumer behavior and evaluate their systems within the framework of their consumer model. It is not 
clear whether the proposed designs offer the suggested benefits in the field. For example, Hosanagar 
et al. (2008) did not provide any empirical evidence about the effectiveness of their models whereas, 
as suggested by the authors themselves, the issue calls for an empirical approach. Further, several 
researchers have warned that pursuing a firm’s goal of increasing profits when making 
recommendations can decrease consumer trust in these systems (Das et al., 2010; Resnick and Varian 
1997). Simonson (2003) warned that a “learning relationship” that is used as a basis for producing 
customized offers is perceived by customers as an indicator of good service but also as a restriction of 
their freedom of choice and can be a source of discomfort. In particular, customers may also perceive 
a marketer’s personalization efforts as attempts to persuade and manipulate. Garfinkel et al. (2007) 
stated that the credibility of recommender systems is also an important factor in determining the 
strength of the impact of recommendations on sales and that recommendations can influence 
shoppers’ decisions only when they are perceived to be objective and credible. The authors suggest 
that since retailers have full control of what recommendations to make and how to present them, it is 
natural for shoppers to discount the credibility of online recommender systems because of potential 
manipulation by retailers. Indeed, in another environment, Chen et al. (2008) showed that user 
satisfaction suffers when ratings are manipulated, probably due to lower accuracy, and that users can 
detect systems that manipulate ratings. As a result, it is important to empirically investigate how the 
use of profit-based design affects a firm’s profits and consumers’ trust in these systems. 
Our study’s objective is to fill this key gap in the literature. To this end, we deployed a 
recommender algorithm in the field, based on the model by Hosanagar et al. (2008) and compared its 
performance to a more traditional algorithm. In addition to evaluating the impact on consumer 
purchasing behavior and the deploying firm’s profits, we also studied the effect of the recommender 
design on trust. The contributions of this work cover both the streams on recommender design and the 




3. Research Methodology 
We conducted the randomized experiment in a real-world setting in partnership with an online firm. 
The company involved in the experiment is a very well-known, medium-sized Italian firm operating 
in the publishing industry. The company’s Web division mainly sells comic books and related 
products, such as DVDs, stickers, and t-shirts. As part of its normal business, the company sends a 
weekly non-personalized newsletter to approximately 23,000 customers and planned to send 
personalized notices recommending comic books via e-mail to the same customer base. We partnered 
with the firm to augment its evaluation of appropriate recommendation strategies while answering our 
research question: Do firm-centric recommendations impact performance (profitability) and/or trust?  
The study was conducted in two stages. First, we invited extant customers of the comic site to 
a randomized field experiment. Second, upon completion of the experiment, we helped the firm 
survey the participants regarding their trust in the particular recommendation engine to which they 
were assigned. We describe both of these stages below. 
 
3.1 Field Experiment 
3.1.1 Experimental Design 
At the beginning of the experiment, the firm asked customers via e-mail if they wanted to participate 
in the project. The study was presented as a “collaboration between the firm and the [university name] 
to improve the newsletter service to customers.” The firm continued to send its traditional weekly 
newsletter and provided our personalized newsletter as an additional service. The final number of 
customers involved in the experiment was 260, corresponding to a participation rate slightly higher 
than 1%. The experiment participants were then randomized to three experimental treatment 
conditions: random recommendations, content-based recommendations (based only on item 
relevance), and a profit-based recommender system. The items recommended were comic books sold 
by the online store of the publishing company.  
Each subject who participated in our study received 10 comic book recommendations per 
week via a weekly e-mail newsletter. The experiment ran for 10 consecutive weeks. The newsletter 
was similar to the type of correspondence the customers were accustomed to receiving from the firm 
prior to our study. 
The first newsletter asked the users to rate a representative set of comics to be used to gauge 
the users’ preferences. That is, the comics in the first newsletter were the same for everyone and were 
selected by the firm. These comics were both diverse in terms of content category and popularity. We 
considered the first newsletter to be a pre-experiment questionnaire needed to manage the “cold start 
problem.” Only 5% of the customers made more than one order per year, which made it impossible to 
create a meaningful profile from past purchases. 
After the pre-experiment, the weekly e-mails contained a link to a personal recommendation 
page. The page was composed of two parts, one containing “recommended brand new items” 
(selected from brand new arrivals at the firm) and one containing the “recommended old items” 
(selected from arrivals in the past two months). A total of 10 recommendations were made per 
newsletter. Each recommended product was presented to include the following information: title, 
cover image, description, and a “see more details” link. Below the product description, a question was 
presented asking the customer to rate the recommended product by clicking an opinion on a (1-5) 
point scale. The feedback was returned to the server and used to update the user profiles. The direct 
feedback was the rating given to each product on the recommendation page. The indirect feedback 
was the tracked “click” data on the link, representing the customer’s interest in a product on the 
recommendation page. 
The content of the last 9 newsletters in the experiment was determined for each individual 
based on his or her historical ratings of comics, and the users were asked each time to rate the comics. 
Past ratings did not matter for the group that received random recommendations. On the other hand, 
content-based and profit-maximizing recommendations considered an individual’s past ratings. We 
next discuss the three recommendation engines. 
 
3.1.2 Recommendation Engines 
The experiment included three recommendation treatments: a content-based recommender, a profit-
based recommender, and a random recommender. We used the content-based recommender as a 
“benchmark,” and we chose a content-based recommendation (as opposed to collaborative filtering) 
because the experiment was carried out with a relatively low number of participants. Given the 
sparsity of the user/item matrix, it would be very difficult to generate meaningful recommendations 
by using a collaborative engine. The profit-maximizing recommender system is based on the 
algorithm presented by Hosanagar et al. (2008). In selecting specific content-based and profit-based 
algorithms, we note that our goal was neither to propose a new algorithm nor to test every possible 
recommender design. Instead, we chose reasonable designs that are easy to understand and implement 
and that have previously been proposed in the literature. 
3.1.2.1 Content-based. 
The content-based algorithm simply recommends items based on the description of the new items 
(title, sub-title, and description) and the user profile, which includes items that have been rated high in 
the first pre-experiment survey as well as items with high ratings as the experiment progressed. In our 
study, the descriptions of items are treated as a weighted vector representing a weighted bag of words. 
Let ItemProfile(s) for item s and UserProfile(i) for user i, be two vectors representing the item 
characteristics and the customer preference, respectively. ItemProfile(s) is computed by extracting a 
set of keywords from a description of item s. The description simply describes the item and its 
contents, including author and publisher details. UserProfile(i) is computed by analyzing the content 
of the items previously seen and rated by user i. In particular, the vector is defined as a vector of 
weights (wi1, …, wik), where each wik denotes the importance of keyword k to user i. We computed wik 
as an “average” of the ratings provided by user i to those items that contained the keyword k ∈ K. For 
example, suppose that user i rates two comic books, and her ratings for these books are “5” and “1,” 
respectively. If the descriptions of both comic books contain the word “romantic,” the weight for the 
word “romantic” for that user is 3. 
We computed the relevance u(i, s) of item s for user i by matching the UserProfile(i) and the 





=  (1) 
where wi,s,k are weights of the words in common between the UserProfile(i) and the ItemProfile(s), 
and k is the total length of profiles. The top 10 items with the highest score were presented to the user 
in the newsletter. This algorithm was based on the content-based recommender engine described by 
Pazzani & Billsus (2007). 
Since we adopted a content-based engine, which uses item features, we checked to ensure that 
each item had the same amount of information (i.e., title, sub-title, and description) in order to avoid 
the introduction of any bias (e.g., recommending items with long descriptions more than items with 
short descriptions or the converse). To this end, we restricted the vector length in the profiles to 80 
words.  
3.1.2.2 Profit-based. 
The key design goal of the profit-based recommender is to take the relevance measures from the 
content-based system and complement it with information about their profitability before making a 
recommendation. To do so, we operationalized the key insights from the model proposed in the paper 
by Hosanagar et al. (2008). Although several other researchers have developed heuristics-driven 
profit-based recommender algorithms, we chose to build on Hosanagar et al.’s model because their 
recommendation strategies are derived from a clear theoretical model and their setting is closest to our 
application context. We first describe the key features of their model and then describe the manner in 
which the insights were adopted in our setting. 
Each recommended item s has a profit margin M(s) and an expected relevance u(i, s) to 
customer i. In each period, the firm shows a set of recommendations to the customer. The purchase 
probability of recommended items is temporarily boosted by the recommendation (Hosanagar et al. 
refer to it as the salience effect). The magnitude of the boost depends on the consumer’s trust in the 
recommender, modeled through a state variable S. This state S reflects the reputation of the 
recommender with the customer, and if a recommender system recommends the “right” products, then 
the recommendations influence consumer choice to a greater extent than would be the case if it often 
recommends irrelevant products. Hosanagar et al. (2008) modeled two states: H and L (high 
reputation and low reputation, respectively). The salience of the recommendation differs across these 
states: H > L > 0. According to Hosanagar et al. (2008), the customer’s state is determined by the past 
performance of the recommender, i.e., poor past recommendations lead to low trust (L) and good past 
recommendations increase trust (H). In our study, we proxied a customer’s current state by measuring 
the average rating provided by the customer during his last visit to the recommendation page.  
According to their model, if a customer is in a state H in a period and in that period purchases 
at least one recommended product or if the average rating provided by the customer in that period is 
over a threshold (e.g., 2.5 on a 0-5 scale), then he remains in the state H in the next period. If he does 
not purchase any of the recommended items and the average rating is below the threshold, then he 
will transition to state L with probability p1 in the following period. If a customer is in state L and in 
that period does not purchase a recommended product and if the average rating provided the last time 
is below the threshold, then he remains in the state L in the next period. But if he purchases one of the 
recommended products or if the average rating is above the threshold, then he will transition to state 
H with probability p2 in the following period. Hosanagar et al. (2008) show that, based on the 
customer’s state, the recommender can determine whether to recommend items with the highest 
expected profit, defined by the items’ purchase probability times margin, or the most relevant items. 
We based our implementation on the above model. Given the fact that the company had never 
used a recommender system before, there was no historical data from which to compute the 
probabilities of transition. Moreover, the company wanted to limit the intrusiveness of the experiment 
so we did not run real-time surveys to determine customers’ trust at each recommendation instance. 
Therefore, we adjusted the model described above as follows:  
• If the average rating provided by the customer after reading the last newsletter is above a threshold 
(2.5 on a 0-5 scale) or if the customer purchased at least one recommended item the last time (i.e., 
last week), then assume state H and recommend the item with the highest M(s)*u(i, s)j. 
• If the average rating provided by the customer the last time is below the threshold and he did not 
purchase the recommended item last time, then assume state L and recommend the item with the 
highest u(i, s).  
• If a customer has not received any recommendations previously, then toss a fair coin to 
recommend either the highest u(i, s) or highest M(s)*u(i, s). 
In this approach, as stated above, u(i, s) is the expected relevance of the product s to the 
customer and is measured using the content-based recommendation engine, while M(s) is the profit 
margin of the product s and is provided by the firm. In other words, the relevance calculation across 
our two treatments is done the same way making it meaningful to compare the treatments. The profit-
based treatment differs only in its accounting of the profit margin but otherwise uses the same 
relevance measures. 
3.1.2.3 Random. 
Unlike the content-based and profit-based approaches, the random approach does not take the user 
profile into consideration when recommending new products. Instead it randomly selects, without 
replacement, a set of items to recommend from the products that have not been recommended or 
purchased in the past. 
3.1.3 Performance metrics. 
We were able to obtain direct feedback from the participants in the form of ratings (scale 1- 5) 
assigned to each product on the recommendation page. The second direct feedback was related to 
purchases made by customers after viewing the recommendation page, as the company provided us 
with access to the purchase data. In addition, we were able to measure indirect feedback by tracking 
when users clicked on the “more information” link for a particular comic, representing the customer’s 
interest in a product on the recommendation page. We used these forms of feedback to compare 
performance of the recommendation systems in terms of accuracy, response rate, and profit.  
3.1.3.1 Accuracy. 
Referring to customer’s explicit ratings, we considered traditional accuracy metrics used in the 
recommender system literature (e.g., precision, recall, and F-measure). However, in this case, we 
could only compute precision since it is not possible to know the ratings of the unseen items needed to 
compute the recall and F-measure. The precision P measures the fraction of recommendations that are 





P =  (2) 
where Ns is the number of the items recommended to the customer (“selected” by the recommender 
system as items to be recommended), and Nrs is the number of items that proved to be “relevant” for 
the customer among those selected by the recommender system (“good recommendations”). In our 
application, we considered an item “relevant” or a “good recommendation” if it was rated as 3, 4 or 5, 
meaning that the customer liked the recommended item. In addition, we measured the average rating 
provided by users of recommended products over time, as follows: 
n
rating
rating Average n u,z,nuz,
∑
=  (3) 
where Average ratingz,u is the average rating provided by user u in period z, ratingn,z,u is the rating 
provided by user u to item n in period z, and n is the total number of items rated by u in period z. We 
also measured the overall average rating over time, the percentage of users with average rating over 3, 
and the percentage of users with an average rating less than or equal to 3 as additional measures of 
recommendation accuracy.  
3.1.3.2 Response rate 
The response rate is simply the ratio of users that respond to the total number of customers invited to 
participate. We measured the response rate over time for each of the three treatment groups as 
follows: 
group the in customers of Number
Responders
 Rate sponseRe zz =
 (4) 
where Response Ratez is the response rate for period z, and Respondersz is the number of users who 
responded to the newsletter in period z. We computed that value for each period and for each 
treatment group. 
3.1.3.3 Profit 
We measured the profit generated by recommendations, using actual purchases. We measured the 
revenues and the number of orders for all participants in the pre-experiment period and in the two 
months following the beginning of the experiment. Although the firm did not provide the actual profit 
margin for the products, it assigned all the products into one of several bins, indicating different levels 
of profitability depending on a products’ price. This resulted in a profit margin index on a scale of 1-5 
that identified the relative profitability of all items in our study. The conversion of a products’ price to 
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iIndexofit  (5) 
where Profit Indexi is the profit index for product I, and Pricei is the price of product i. Note that Eqn 
(5) is based on item price and not margin. The firm did not share the actual cost information for the 
comics but informed us that the margins closely tracked prices and that the two indices were 
equivalent for the purposes of calculating relative profit levels.  
3.2 Post-Experiment Survey 
3.2.1 Survey design 
In addition to evaluating user feedback in terms of ratings and purchases, we gathered additional 
feedback from participants to study whether there were differences in trust across the treatments. The 
constructs for trust were derived from prior studies. We limited the scope of the survey to testing 
trusting beliefs (Beldad et al., 2010; Mayer et al., 1995), which are comprised of three constructs: 
ability, benevolence, and integrity (Mayer et al., 1995). We adapted a previously used set of questions 
and scales from Wang et al. (2005), Mayer et al. (1995), Schoorman et al. (2007), and Doney et al. 
(1997) where trusting beliefs were also linked to recommendations.  
The survey was given with the last newsletter by e-mail to all participants in the study. The 
firm was keen to run a very brief survey, so the survey contained only 11 questions, which can be 
accessed in Appendix A. The first question evaluated the user’s overall propensity to trust. Questions 
2 through 9 were directed at measuring the users’ perceptions of the recommender system’s ability, 
integrity, and benevolence. In addition, we asked users about purchases of recommended products on 
other channels (Q10). This was done because the company is not purely an Internet player. It mainly 
sells products via traditional channels. Therefore, it is possible that many customers use the website 
much more in the early stages of the purchasing process (e.g., when collecting information), 
preferring to buy products from newsstands or comic book shops in order to avoid shipping costs. Q10 
allowed us to evaluate such spillovers. Finally, we also tested whether the users thought that the 
recommended items were expensive (Q11). Because the profit-based recommender explicitly accounts 
for profit margins, we expected that users assigned to the profit-based recommender would perceive 
that the recommended products were relatively more expensive than other users.  
Lastly, one concern related to the survey is that a number of subjects did not respond to the 
survey in the last week. In order to avoid any bias that might arise from non-response, we employed 
propensity score matching (Rosenbaum et al., 1983) on the demographic attributes that we had 
available to ensure that the subjects compared in the three populations were similar in terms of their 
demographics to control for any confounding factors when estimating the treatment effects We 
discuss propensity score matching  in greater detail in Section 4. 
 
4. Data Description 
In this section, we provide summary information about the users in our study and the treatments 
administered to the users as part of the study. 
4.1 User Characteristics 
We analyzed the historical data owned by the firm in order to better understand the behavior of the 
customers involved in the experiment. The historical data available to us was collected from 
September 2008 to April 2010. Figure 1 plots the frequency histograms of orders and revenues 
































Figure 1. Details of the number of orders and revenue generated in the past by users involved in 
the experiment. 
As Figure 1 shows, only 72 users out of 260 involved in the experiment purchased products 
during the period before the experiment. Almost all of those 72 users made only one or two orders, 
spending less than 100 Euros. Thus, the vast majority of users involved in the experiment were not 
“heavy users”. Therefore, we expected few purchases from these users during the experiment. These 
users were randomly assigned to one of the three treatments. Figures 2 shows the demographic 







































Figure 2. Distribution of users by gender (a) and age (b) in each treatment group. 
We performed a t-test to explore whether there were any statistically significant differences 
across each treatment group for the aforementioned variables (namely, age and gender). The results 
showed that there were not any significant differences in terms of age or gender across the treatment 
groups. 
4.2 Treatment Characteristics 
To ensure that the recommendation systems were indeed providing different types of 
recommendations, we evaluated two important characteristics of the recommendations made by the 
algorithms: entropy and profitability of recommended items. We calculated the entropy in 
recommendations using Shannon’s entropy (Shannon, 1948) based on product categories. We used 
four comic book categories to measure how consistent the comic recommendations were per person. 
The most consistent scenario occurred when a person received recommended comics from only one 
category. The least consistent scenario is when a person received recommended comics from each 
category equally. The four categories were based on the main classification the company uses to 
present its products on the website: 1) Marvel Comics (including the well-known comic books 
popularized by the American publisher); 2) Manga Comics (including all comic books published in 
Japan); 3) Other Comics (including all comic books popularized by either European publishers or 
American publishers other than Marvel); 4) Bundled Comics (including any kind of comic books sold 
in association with a DVD or other media contents). We evaluated the variability of the content of the 
comics:  
∑= ))((log)()( 2 ii XPXPXH  (6) 
where entropy, or H(X), is the uncertainty (or inconsistency) of variable X (or the categories), and 
P(Xi) is the probability that a comic X belongs to category i. 
Again, in this context, entropy reflects the amount of diversity in the recommendations. 
Figure 3 reports the entropy distributions for users in the three treatment groups. As expected, the 
random control group is the one characterized by the highest entropy, whereas the recommendations 
received by the content-based group are those with the lowest entropy.  
In addition, we measured the distribution of product profit margins (in terms of profit index) 
of recommended items in order to investigate whether there was any difference across the different 
treatment groups, given that our expectation was that the items recommended by the profit-
maximizing recommender system had higher values than those recommended by the other two 
engines. Figure 4 shows the percentage of recommended items with a specific profit index (which 


































































































Figure 4. Distributions of profit index for recommended items. 
As Figure 4 shows, the users assigned to the profit-maximizing group received 
recommendations for items with profit indexes higher than those suggested to members of the other 
two treatment groups. Thus, the three treatments appear to be functioning as expected. 
 
5. Results 
In this section, we present the results of the randomized field experiment as well as the results of a 
follow-up survey. We evaluated the relative performance of the different recommender systems based 
on the results of the experiment, and we compared user trust across treatment groups based on 
responses to the follow-up survey.  
 
 
5.1 Experiment Results 
As part of the experiment, we collected explicit feedback from users in the form of comic book 
ratings. In addition, the firm collected explicit purchase data on its customers. In this section, we 
report recommender system performance using 1) recommendation accuracy, measured by precision 
and average product ratings, 2) responses to the newsletters, and 3) profitability measures in terms of 
actual profit and proxies for profit. All performance measures were compared across the 
recommender system treatment groups over time.  
5.1.1 Recommendation Accuracy 
We measured recommendation accuracy in two ways: first, by comparing recommendation precision 














































Figure 5. Precision (a) and overall average ratings (b) over time for control, content-based, and 
profit-maximizing recommenders. 
Figure 5(a) reports the average precision of the three treatments over time. To compare the 
precision curves, we performed a Mann-Whitney significance test. We found statistically significant 
differences between the precision of recommendations made by the content-based system and those 
made by the random control system, as well as between the profit-maximizing system and the random 
control system (at the level of p < 0.001). In contrast, there was no significant difference with regard 
to precision between the content-based system and the profit-maximizing system. We concluded that 
the levels of precision for both the content-based recommendation system and the profit-maximizing 
recommender system are significantly higher than the precision level of the recommender system that 
generates random recommendations. However, the precision of the content-based recommendation 
system and the profit-maximizing recommender system were the same statistically.  
We also compared the overall average ratings (Equation 3) over time. As Figure 5(b) shows, 
the ratings provided by customers who received content-based or profit-maximizing recommendations 
are higher, on average, than those provided by customers who received random recommendations. 
The differences between the average ratings provided by those in the content-based group and those 
provided by people assigned to the control group are statistically significant, as are the differences 
between the profit-maximizing group’s ratings and the control group’s ratings, according to a Mann-
Whitney test (at the level of p < 0.001). Similar to the precision results above, there is no significant 
difference between the average ratings provided by the customers who received content-based 
recommendations and those provided by the customers who received profit-maximizing 
recommendations. Figure 6(a) plots the percentage of users who provided ratings higher than 3, on 
average, while Figure 6(b) plots the percentage of users who provided ratings lower than or equal to 3. 
The figures show that approximately 56% of the users in the content-based and profit-maximizing 
groups provided ratings above 3, on average, and the remaining 44% provided ratings below 3, on 
average, whereas only 31% of the users who received random recommendations provided ratings 






































Figure 6. Percentage of users who rated the items recommended by each recommender system 
above 3 (a) and at or below 3 (b). 
The implication of these results with respect to recommendation accuracy is that even though 
profit-based recommendations are based on firm-centric measures, the performance with respect to 
precision and average ratings is statistically the same as that of a traditional content-based system. In 
addition, both the profit-based and content-based recommender systems outperformed the control 
recommender system with respect to recommendation accuracy. 
5.1.2 Response Rate 
In addition to tracking recommendation accuracy, we tracked the response rates over time for each of 
the treatment groups. For each treatment group, customer response rate refers to the percentage of 
users in that group who responded to the newsletters containing the recommendations. Figure 7 shows 
an unremarkable reduction in the response rate, over time, for all of the treatment groups. Further, we 
found that there were no statistically significant differences across different recommendation engines 
when comparing the response rate curves over the entire study. However, for the last newsletter, in 
period 9, the control response rate of approximately 44% was lower than in other periods, and also 
lower than the content- and profit-based response rates of around 56% and 52%, respectively. 
Therefore, because of this notable difference in response rates, we made sure to check for biases in the 


















Figure 7. Response rate over time to different recommender systems. 
The implication of our results with respect to response rates is that even though the 
recommendations in the newsletters are generated by very different recommendation processes, users 
responded to the newsletter at about the same rate over time. 
5.1.3 Profit 
As explained in Section 3.1.3, we measured the profit generated by each recommendation system in a 
number of ways, using both explicit purchases and proxies.  
Figure 8 reports the mean number of purchased items per customer and the mean revenue per 
customer generated during the experiment. The number of items purchased (Figure 8(a)) was 
calculated by dividing the overall number of items purchased by members of each group by the 
number of users included in the group (i.e., 90 users for the profit and content groups, and 80 users for 
the control group). The mean revenue per customer (Figure 8(b)) is the overall revenue generated by 
each group divided by the number of users in the group. These graphs show the values averaged by 
customers and all the values referred occurred in a time period of two months. The overall number of 
purchased items is 81 for the content, 114 for the profit, and 16 for the control group. The overall 
revenues generated during the experiment are 428 euros for the content, 832 euros for the profit, and 
151 euros for the control group. As expected, the random recommendations generated the lowest 
number of purchased items and the least revenue. The fact that members of the profit-based group 
purchased more products than the content-based group is surprising. This may be because customers 
are more likely to accept higher-priced recommendations than lower priced recommendations. This is 
in fact an argument provided in the personalization literature (e.g., Simonson, 2003). Another possible 
reason is that the customers in the profit-based group received recommendations of higher diversity. 
This hypothesis is discussed later on in this section. The higher revenue per user for the profit-
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Figure 8. Mean number of purchased items (a) and revenue generated (b) during the 
experiment for different recommender systems. 
We also computed the mean monthly revenue per customer and the mean price of items 
purchased by users in each treatment group in the past (i.e., during the 20 months prior to the 
experiment) and during the two months of the experiment. As shown in Figure 9(a), the profit-
maximizing group witnessed the highest increase in the average revenue per user. The content-based 
group had a relatively smaller increase. Finally, there was almost no impact on the control group. 
Looking at the profit-maximizing group and control group, the difference-in-difference (DiD) of the 
average revenue per user is 2.846. A non-parametric permutation test indicates that this difference is 
significant and rejects the null hypothesis that the DiD is equal to zero (p-value < 5%). Similarly, the 
DiDs are significant for profit versus content. The DIDs are not significant for content versus control. 
These differences in profit and content were driven, in part, by the differences in purchase counts 
across groups, that was reported in Figure 8. Another key driver was the difference in the prices of 
purchased items. Figure 9(b) plots the price of items bought by customers in the three groups. The 
price of purchased items tended to increase for members of the profit-maximizing group whereas this 
was not the case for those in the content-based group. The group receiving random recommendations 
also witnessed an increase in the price of purchased items but very few recommended items were 


































Figure 9. Mean monthly revenue per customer (a) and price of items purchased (b)before and 
after recommendations for different recommender systems. 
One of the challenges in measuring orders and revenues associated with the treatments is that 
purchases were infrequent. Further, newsstands or comic bookstores sell products at the same prices 
available on the firm’s website but without any shipping costs; often, consumers use online sites just 
to learn about new products but purchase offline. These offline purchases cannot be connected to 
online identities of experiment participants. Therefore, in addition to explicit purchase data from the 
firm’s online site, we used a couple of proxies for offline purchases. First, in the post-experiment 
survey, we directly asked the users if they purchased any recommended products offline (Question 
10). Figure 10 summarizes the responses to Question 10 and indicates that other purchases were 
generated by the recommendations but could not be tracked using only the website transaction data. 
However, we did not find any statistically significant differences among the responses to Question 10 
of the three treatment groups. Therefore, the results in Figure 10 do not change the observations that 
we provided when discussing Figure 9.  
In addition to using the answer to Q10 as a proxy for offline purchases, we also treated the 
comics rated 5 with a click on the “see more details” link as purchases. We then measured the 
estimated profit based on this assumption. This proxy assumes that items that are rated high and 
additionally researched by consumers are eventually bought by the users either in the online or offline 
channel. Figure 11 plots the mean (Figure 11a) and the cumulative (Figure 11b) profit using that 
proxy. The results again suggest that the profit-maximizing recommender generated significantly 
higher profits than the other two systems. Interestingly, there were no statistically significant 
differences between the content-based and control recommendations under this proxy. The reason is 
that although the content-based recommender gained higher ratings compared to the random 
recommendations, members of the control group clicked more frequently on the recommended items, 
and the items recommended to those in the control group were a bit more expensive than those 
recommended by the content-based system (see Figure 4). The reason for the higher click rate 
exhibited by the control group is probably related to the fact that these customers discovered more 
new items than those in other groups (see Section 5.2 on survey results that confirm this). The results 
shown in Figures 10 and 11 show that accounting for offline purchases is unlikely to reverse the 
primary findings discussed above. 
Our experiment findings led us to conclude that the profit-maximizing algorithm, despite 
accounting for firm-centric measures that might be presumed to be negatively impact consumer 
engagement, can generate precise recommendations and effectively retain consumers’ usage at the 
same level as the traditional content-based recommender. The profit-based algorithm used in our field 
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Figure 10. Mean rating for question 10 for different recommender systems, as a measure of 









































Figure 11. Estimate of the potential profit generated during the experiment, if items rated 5 
would become purchases, instantaneous (a) and cumulative (b). 
5.2 Survey results 
As explained in previous sections, we distributed a final online survey at the end of the experiment to 
those who participated, attempting to measure the impact of different types of recommender systems 
on customers’ trust. (See Appendix A for the list of survey questions.) 
5.2.1 Summary of survey results. 
We noted that the response rate to the survey among members of the control group was lower than for 
those in the other two treatment groups for the last newsletter. Therefore, we used propensity score 
matching (Rosenbaum, 1983) to ensure that the members of the groups in each of our treatments were 
consistent with respect to demographics. We used two variables, namely “age” and “gender,” to 
match users in the control group to users in the other two groups; after matching, we found that there 
were no statistically significant differences between the average ages of group members (verified by a 
t-test). Next, we checked that the distributions of the propensity scores looked the same and that there 
were no statistically significant differences among group members (verified by a t-test). After 
matching, we were left with 37 participants in each treatment group. The results of the survey after 
propensity score matching, in terms of average ratings for each question and each treatment group, are 
reported in Table 1.2 
Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11
Profit-maximizing 2.8 3.3 3.4 3.0 2.8 3.2 3.1 3.6 4.1 3.6 3.2
Content-based 2.9 3.1 3.5 2.8 2.7 3.2 3.1 3.4 4.1 3.9 3.0
Control 2.9 2.9 3.4 3.4 3.1 3.5 3.4 3.4 3.8 3.2 3.0  
Table 1. Average ratings for the questions in the final survey for each group of customers. 
We began by evaluating differences between the treatments in terms of trust measures (Q1 - 
Q9). First, we checked for biases in the treatment groups with respect to the propensity to trust. Q1 
proposes: “My tendency to trust a person/thing is high.” We found no statistically significant 
differences in the general trust levels of the users in the different groups, using Q1 responses. Thus, 
users in the different treatment groups were similar in terms of propensity to trust. Comparing the 
content-based recommender to the profit-based recommender in terms of trust measures (Q2 - Q9), we 
did not find any statistically significant differences. The absence of differences reveals that customers 
in both groups perceived the ability, integrity and benevolence of the recommender systems similarly 
and trusted the systems to the same extent.  
Looking at the control group, it is surprising to note that the ratings are higher for questions 
Q4 - Q7. We found statistically significant the differences in the responses to Q4 and Q7 between the 
control group and the content-based group at the level of p < 0.05. Q4 asks: “Personalized newsletters 
recommended comic books that I did not know about.” The significance of Q4 can be explained by the 
algorithm used for each group. In particular, the control group received random recommendations that 
are likely to be more diverse. In contrast, the content group provided the lowest average rating on Q4, 
given that its members received recommendations from a traditional content-based recommender 
algorithm that reduces the recommended items’ diversity. This is consistent with Figure 3, which 
showed that the random recommendations generated the highest entropy followed by the profit-based 
recommender and then the content-based system.  
The fact that the control group also generated higher ratings for Q7 is surprising and may have 
been driven by the system’s better performance related to the discovery dimension. We discuss this in 
greater detail in Section 5.2.3. 
We now turn to Q10 and Q11, which were asked primarily as sanity/robustness checks. We did 
not find significant differences for Q10: “I bought some of the recommended comic books through 
channels other than Panini’s website”. This result was discussed above. Finally, Q11 tested whether 
users were able to perceive differences in the prices of the recommended items. Again, we did not 
find statistically significant differences. The higher rating for the profit-based group suggests that 
                                                          
2 A number of the answers are obviously correlated. We evaluated the survey results using Principal Components Analysis (PCA). PCA 
shows that the four primary components are related to propensity to trust (Q1), actual trust in the system (Q2 - Q9), offline purchases (Q10), 
and cost of recommended items (Q11). The full results of the PCA analysis as well as the correlation matrix for the survey responses are 
available upon request. 
some of these users may have picked up on the fact that the profit-based system recommended more 
expensive items but, interestingly, this did not impact their trust in the system. 
5.2.2 Trust drivers. 
If biasing recommendations towards higher profit margin items does not impact trust, what does? To 
better understand the drivers of trust, we built ordered probit models, using measures of trust as 
dependent variables (i.e., responses to Q7 and Q6), with three measures of accuracy (i.e., precision, 
average ratings, and Q3) and two measures of diversity (i.e., individual entropy and Q4) as 
independent variables. We used responses to Q7 and Q6 as dependent variables because looking at the 
principal components extraction matrix, we noticed that the first main component is related to all of 
the questions about trust and the responses to Q6 and Q7 showed the highest correlation to this 
component. We found that accuracy and diversity were both positively and significantly related to 
trust, using the answers to Q3 and Q4 as independent variables. The results are shown in Table 2, with 
model 1 using Q6 as the dependent variable and model 2 using Q7 as dependent variable. 
1 2
Accuracy
Answer to Q3 .583 (.133)*** .639 (.135)***
Diversity
Answer to Q4 .280 (.088)*** .242 (.086)***
Log Likelihood 114,842 115,222
Chi-Square 43,117 44,335
Standard Errors  are l i s ted in parenthes is .
*** Signi ficant at p<0.01  
Table 2. Linking accuracy and diversity to trust (measured by dependent variables Q6 and Q7). 
The results suggest that even when accuracy is accounted for, diversity is a significant driver 
of trust. The customers in the control group might have trusted the newsletter, despite the low 
accuracy, as much as the customers in the content-based group because they discovered more 
products they had never seen before, thanks to a higher diversity of recommendations. In contrast, the 
customers in the content-based group received more homogenous recommendations during the weeks 
in which the experiment was conducted. This might have lowered their perception of the reliability of 
the newsletter.  
 
6. Conclusions 
A number of recent studies have attempted to place recommenders within a profit-maximizing 
framework. While these studies have made notable advances in developing analytical models or 
heuristic strategies for deploying firm-centric recommendation engines, there has been no empirical 
evidence regarding their impact in practice. Because consumer choice and recommender design is 
endogenous, it is unrealistic to expect consumer response behavior to remain the same under these 
new designs. Consumers may in fact distrust firms that deploy biased recommendations and the net 
effect, relative to relevance-based recommendations, might in fact be negative. A number of 
commentators have pointed out that recommendations, even in the absence of biases, might be 
perceived by consumers as firms’ efforts to persuade and manipulate. Once manipulated, it is unclear 
if the theoretical benefits will be realized. In this paper, we provided the first empirical evidence 
regarding the impact of profit-based recommendations in the field. 
The paper makes two main contributions. First, we showed in one real-world setting that a 
firm can drive increases in purchase volume and margin per purchase by deploying profit-based 
recommenders. Further, we found that trust was not impacted even though we expected it to degrade 
as a result of users being served firm-centric based recommendations. Second, to our best knowledge, 
this is the first work to report on both consumer purchasing behavior and consumer trust from a real-
world deployment of a recommender system. By combining considerations related to the design of a 
new information system with an evaluation of its impact on consumer usage and trust, this study 
contributes to both the Information Systems and Marketing literatures. 
Our work informs firms that are interested in finding effective ways to deploy firm-centric 
recommendation systems. An important consideration is the messaging around such recommenders. 
The firm in our study did not explicitly identify to consumers that the recommendations were biased. 
This was because the firm wanted to retain the same message for users in all treatments. However, in 
reality, we believe that it is in the interest of firms to clearly identify such biases to consumers. 
Evidence from the sponsored search industry suggests that biasing results can be effective and that 
transparency serves both consumers and firms well. In that market, search engines present “organic 
search results” to consumers that are based solely on relevance of web pages to the consumer’s query. 
In addition, search engines also present “sponsored search results” that are based on a combination of 
the relevance of the pages and the search engine’s potential revenues from the consumer clicking on 
the results. Search engines face a similar tradeoff as in our study in the sense that sponsored results 
represent an opportunity to increase revenues but pose the risk that their excessive use may not be 
well received by consumers. Search engines have increasingly become transparent about identifying 
sponsored results to consumers and this has helped the market. Similar transparency might benefit 
profit-based recommenders. A large research stream has focused on the design and impact of 
sponsored search markets, focusing on how firms should determine which pages get top placement in 
the list of sponsored results and how consumers in turn respond to these sponsored lists. A similar 
stream on profit-based recommenders is just emerging and we believe this stream will continue to 
grow. 
Our findings are not without limitations and these present opportunities for future research. 
Our results are based on one specific context and it is not clear how applicable the findings are to 
other business contexts. It is possible that in environments in which purchases are less frequent or 
item prices are much higher (such as household appliances), consumer response to profit-based 
recommendations may be different. Thus, an interesting direction for future research might be to test 
the validity of our findings in other industries, particularly those characterized by higher prices or 
very different purchasing frequency. Another limitation is that we cannot determine how our results 
might be affected if users were informed about how the list of recommended items was generated. 
There is a concern that if the algorithm design were revealed, consumers might trust the system less. 
Future work can evaluate the impact of transparency and messaging on consumer response. Lastly, 
the objective of our paper was not to design the optimal profit-based recommender but to evaluate 
consumer response to a reasonable design that has been proposed in the literature. Future work can 
evaluate where the optimal design tradeoff between profitability-based and relevance-based 
recommendations lies. 
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Appendix A 
The following eleven questions were included in the survey on trust. 
 Q1 My tendency to trust people/things is high 
Ability Q2 This personalized newsletter is like a real expert in assessing comic books because it considers all 
important attributes 
 Q3 The personalized newsletters provided me with relevant recommendations 
 Q4 The personalized newsletters recommended comic books that I didn’t know 
 Q5 I am willing to let this personalized newsletter assist me in deciding which product to buy 
Integrity Q6 The newsletter is reliable 
 Q7 I trust the personalized newsletter 
Benevolence Q8 The company created the personalized newsletter to help me 
 Q9 The personalized newsletter is a service provided by the company to customers 
Purchases 
offline 
Q10 I bought some of the recommended comic books on channels different from the company’s web site 
Perception of 
price 
Q11 The personalized newsletter suggested interesting comic books, but they were too expensive 
 
